This paper forecasts the spatial distribution of Danish husbandry production from 2009 until 2025.
Introduction
Markov chain models have been widely recognised as a means of modelling and forecasting structural changes within agricultural production (see e.g. Allen 1994 The aim of this article is to develop a model based on a Markov Chain Model (MCM) approach, as described by, e.g. Lee et al. (1970) in order to forecast the spatial distribution of structural changes in Danish husbandry production. The suggested MCM follows the model specifications as suggested throughout the Markov chain literature with respect to state class numbers, number of years of observation and level of data. Our contribution to the existing literature is that we consider space as an important dimension when applying the standard Markov Chain Model. The inclusion of space is made possible by applying extremely detailed data (both in terms of spatial/temporal resolution and with respect to the types of livestock involved) based on a census of every individual animal production unit in the country. Further standard GIS operations are applied in order to build a regional MCM involving disaggregation into five regions and five livestock types. This enables us to predict the future geographical distribution of agricultural husbandry production at the local level. Within the regions, the unit of observation is a 1x1 km square cell. We do not consider neighbour effects between cells and assume spatial autocorrelation to be ruled out. The temporal resolution is year by year throughout the period of investigation (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) . By including information on slurry production and biogas potential by livestock type, estimates of slurry production and the potential of biogas production at the local level can be obtained.
Background
With the passing of the EU RES directive (Directive 2009/28/EC), all EU member states are obliged to promote the use of renewable energy. For Denmark, this means that by 2020, 30% of the gross energy consumption must come from renewable energy sources. This calls for an increase in the use of forestry and agricultural by-products and materials that today are regarded as waste.
According to the governmental agreement on green growth in Denmark, 40% of the slurry from livestock farms, meaning pigs and dairy cows, should be utilised for biogas production by 2020 (Grøn vaekst 2010). As transportation costs in Danish biogas production constitute app. 30% of the overall production costs (Nielsen et. al 2002) , it is of great importance to be able to estimate the future local biogas production potential based on livestock slurry, and therefore also structural changes.
Historic development
Since the late 1940s, structural change, defined as the gradual consolidation of agricultural units into fewer and larger units, has been a core characteristic of modern agriculture (IFRE 2009).
Within the EU, structural change is especially prevalent in the north, and hence also in Denmark, with continuous development towards a more centralised and specialised agricultural sector (Rasmussen 2011 ). Rasmussen (2011) found that more than 90% of Danish full time farms are still far below the technically optimal scale of production. Continued structural change is therefore to be expected, although at some stage, structural change will level off as a lack of available farmland will limit the advantages connected to technology and size. Structural change and the development towards increasing size of production units is a locally expressed phenomenon, which is influenced by regional, national and international conditions.
Over the last 11 years, the Danish pig and dairy cattle sectors have been subject to substantial structural change. In this study, we quantify the shifts in production location and predict and observe a continuous westerly movement regarding the location of dairy cattle production. This tendency has been observed for many years and the clear difference between the eastern and western parts of the country coincide with substantially lower soil prices in the west than in the east. In contrast to dairy cattle, we do not see the same profound trend around the larger cities within finisher farming (see figure 2 ). This is mainly due to the fact that pig production requires less land.
A decrease in finisher production is found on Zealand as well as in large parts of Central Jutland.
Areas with 750-1500 animal units per 25 km 2 in particular seem to be disappearing, the disappearing middle as it is termed by Huettel and Margarian (2009) . However, in our data, the disappearing middle occurs at the regional level and not at the local level as argued by Huettel and Margarian (2009) . and market developments), are expected to influence these regional trends and by that the continuous structural changes.
Materials and methods
Fitting a Markov chain (multi-state) model to panel data generally relies on the Markov assumption that future evolution only depends on the current state. Before this can be attempted, decisions must be made concerning the data types, assumptions regarding stationary or non-stationary transition probabilities, the length of the time series to include in the analysis, the number of transition states and the explanatory variables. These model considerations are often determined by data availability, but they nevertheless dictate crucial model assumptions.
The general Markov Chain model, as described by, e.g. Lee et al. (1970) is given by:
Where:
is a state vector counting the number of individuals, i.e. geocells in state class j (with j= {1…J}) at time t
is a state vector counting the number of individuals, i.e. geocells in state class i (with i= {1…I}) at time t-1 is the probability of moving from state i to state j in one time period
The assumption of stationary transition probabilities is important, as it implies that the probability of moving from one state to another over one time period is constant between time periods. If this assumption holds, one can apply the same transition probability matrix several times in order to perform a forecast. In contrast, if non-stationary transition probabilities apply, the past does not reflect the future, and hence the value of historic data is diminished.
In a Markov Chain study concerned with farm sizes in the western part of Germany, Huettel and Margarian (2009) argue that it is very unlikely that the transition probabilities are stationary and that they expect them to vary over time. Nevertheless, Piet (2008) reported that, in more than 50% of 26 agricultural Markov Chain studies, stationary transition probabilities were applied. We apply stationary transition probabilities in this study and investigate the validity of this assumption. 
3.1MAUP
A fundamental concept in geography is that everything is related to everything else, but also that nearby entities often share more similarities than entities which are far apart. This idea is known as
Tobler's first law of geography (Miller 2004) . In this study, the 1 km 2 data cells have been divided into 6 strata according to geo-regions based on prevailing soil types, as described by (Greve et al., 2007 ), see figure 3 . The soil type is regarded as a proxy for soil prices, which is believed to be an important driver of structural change (Happe et al. 2008 ). The North of Zealand (the north eastern region) is not included in the forecast modelling because animal production is too small to estimate transition probabilities.
Since it first was documented by Gehlke and Biehl (1934) , the modifiable areal unit problem (MAUP) has been an important source of uncertainty within spatial analysis. The problem has a scaling and zoning effect and it affects results when point-based measures of spatial phenomena, e.g. population density, are aggregated into districts. The resulting summary values, i.e. totals, rates and proportions, are influenced by the choice of district boundaries. The problem was first solved by Openshaw (1984) . Since this study applies the smallest possible scale, i.e. 1 km 2 , and applies natural boundaries based on soil types, we consider the MAUP effects to be ruled out and they therefore do not play any role in the forecasting analysis.
IFRO Working Paper 2013/16 According to the EU Nitrate Directive (91/676/EC), the application of N from slurry must not exceed 170 kg per hectare, the so-called harmony demand area. This is in order to prevent the leeching of nutrients to the aquatic environment. The EU Nitrate Directive stipulates how much land every farmer must have access to in order to safely dispose of the slurry from his animal production. Up until 2010, Danish agricultural regulations stipulated that, on top of the "harmony demand," a set of ownership demands also needed to be fulfilled, which stated that given the size of your production, a certain percentage of the "harmony demand areas" should be owned by the producer (Retsinformation 2011). The rest of the "harmony demand areas" could be leased or slurry contracts with other farmers could be made in order to dispose surplus slurry. The ownership demand regime no longer applies. Since the data for the Markov Chain Models concerning the five Danish agricultural livestock branches, stems from a time period when the ownership demands were in action, the state class intervals will reflect these ownership demand threshold values and secure sufficient data in each state class interval to achieve solid estimates. Dairy cattle and finisher production is the main branch of production at many farms, whereas as sows, piglet and young stock (other cattle) are produced simultaneously or alongside with dairy cattle and finishers as Based on the above described characteristics, the Markov Chain model looks as follows:
is a state vector counting the number of geocells in state class j (1,2,...,6) at time t, where class 1 is an absorbing state
is a state vector counting the number of geocells in state class i(1,2,…,6) at time t-1 is georegion (1,2,..,4) is livestock type (1,2,…, 5) is the probability of moving from state i to state j in one time period The discrete model is purely governed by the probability distributions of the state at the next time point, conditionally on the state at the current time. These transition probabilities are fitted in msm, assuming that a continuous time process underlies the data.
Continuous models are defined by intensities in the form of an RxR matrix Q, where the rows sum to zero. The movement on the discrete state space 1, …. , R is governed by transition intensities qrs(t, z(t)): r; s = 1, …, R. These may depend on time t, or, more generally, also on a set of individual-level or time-dependent explanatory variables z(t). The intensity represents the instantaneous risk of moving from state r to state s ≠ r. The likelihood for this discrete model, used in msm, is calculated from the transition probability matrix P(u, t + u). The (r, s) entry of P(u, t + u), p rs (u, t + u), is the probability of being in state s at time t + u, given the state at time u is r. P(u, t + u) is calculated in terms of Q using the Kolmogorov differential equations (see, e.g. Cox and Miller 1965) . If the transition intensity matrix Q is constant over the interval (u, t + u), as in a time homogeneous process, then P(u, t + u) = P(t) and the equations are solved by the matrix exponential of Q scaled by the time interval,
For a discussion of the calibration of the matrix exponential, see e.g. 
Results and discussion
In this section, the results for finishers in Western Jutland (WJ) and Eastern Denmark (ED) are
presented in order to demonstrate the differences and similarities between regions. The final biogas production potential map includes all livestock types for the sake of completeness.
Estimation of transition probability matrices
In table 3, the transition probability matrix with corresponding confidence intervals for finishers in ED shows the probability of staying in the same state from one time period to the following. We see that the probability of staying in the same state is higher than changing from one state to another for state classes 1,2 and 4, whereas for state classes 3, 5 and 6 the highest probability is a shift to state class 2 or 4 respectively. This is seen from the numbers in bold as they constitute the matrix diagonal. The sum of each column provides an estimate of the general state growth, i.e. for values above 1, there is an increasing number of geocells in that particular state class. For finishers in ED, it is clear that state classes 1, 2 and 4 are expected to increase, i.e. an increase in geocells with no production and an increase in geocells with an annual production between 0-75AU and 120-250AU
per year. For the two upper state classes 5 and 6, the column sums are quite low, implying that the number of geocells in these state classes is decreasing rapidly. The transition probability matrix for Finishers in WJ, Table 4 , illustrates many of the same general trends as in ED, implying an increase in state classes 1, 2 and 4, but movements into state class 1,
i.e. the rate that farms are going out of production is somewhat higher in WJ than in ED, which indicates that structural development is occurring at a faster pace in the western parts than in the eastern parts of the country.
Applying the same methodology as described above to the dairy cattle sectors, we find that, in the fitted transition probability matrices for ED, there is an increase in state classes 1 and 4 implying a rapid decrease in production intensity, while in WJ, there is an increase in state classes 1, 2, 4 and 6, while the summed ingrowth into state classes 3 and 5 is just below 1, which indicates a slow decrease in these two state classes. This also tells us that the number of mega-farms (>350 AU) and large farms (120-250 AU), state classes 4 and 6, will increase, although the number of very large farms (250-350 AU) will decrease. This could be explained by the hypothesis that once the decision to expand beyond full time farming is made, one aims to become a mega-farm.
Model fit
A Pearson's chi squared test is carried out to test the assumption of stationary transition probabilities. Table 5 and 6 below show that 90% of the model variation is found within the transitions into state class 6. For finishers in WJ in state class 6, the summed absolute deviation is 210.4 out of a total model deviation of 235.18 (see table 5 ). Similarly, in ED, the summed absolute deviation of state class 6 is 336.8 out of a total model deviation of 370 (see table 7 ). In addition, more than 75% of the model variation is found within the number of geocells staying in state class 6 between two time periods, both in WJ and in ED, which is caused by few observations. Therefore, the vast majority of the model only exhibits minor deviations from the observed data and the observed deviations imply under prediction which leads to conservative estimates regarding future husbandry production. A similar result to that reported above was found for the other animal types considered in this study.
The generally small discrepancies found for finishers in both WJ and ED provide a good argument for assuming time independent, i.e. stationary, transition probabilities. With regards to the model deviations in state class 6-6, this may indicate that the transition probabilities vary over time (Jackson 2011a) . Another cause may be a failure of the Markov assumption, i.e. the transition intensities may depend on the time spent in the current state (a semi-Markov process) or other characteristics of the process history. Accounting for the process history is difficult as the process is only observed through a series of snapshots (Jackson 2011b).
Forecasting of animal units
We now consider the estimated transition probability matrices for all five livestock types in all five regions. From the maps in figure 4 , which illustrate biogas production potential as a function of structural changes until 2025, it can be seen that, with a 25km 2 aggregation, the spatial location of production potential is fairly stable over time. Table 11 
Spatial representation

Conclusion
Academic importance and further use of the model
In this study, we fill the gap in the agricultural Markov Chain literature by building a spatially disaggregated Markov Chain Model and applying it spatially. By following the application described in this paper, we obtain estimates of the geographical location of Danish livestock production until 2025. By adding information regarding production and the methane content of livestock slurry, we end up with estimates for biogas production potential at a 1km 2 scale, which we then aggregate to a 5km 2 scale for better visualization.
Due to little model variation concerning all state classes (except state class 6-6, i.e. mega-farms), the assumption of stationary transition probabilities is well supported. This finding challenges the findings of other recent studies, which advocate time-dependant transition probabilities.
One of the major differences between this study and other recent studies is the coherent period of observed data. This study builds on ten years of annually observed data and the proposed model exhibits high stability regarding predictions about the structural results of the economic decisions within agricultural production. The implication of stable transition probabilities is that the dynamics of the structural changes within the observed timeframe capture the dynamics of structural changes in the years to come.
The results of this paper can serve as inputs to a number of analyses concerning Danish agriculturebased production, including decision support systems concerning the future development of the Danish biogas sector.
Limitations and restrictions
The implication of the model deviations regarding the farms which remained mega-farms from one time period to another is that estimates for livestock, and consequently slurry production, should be considered conservative when used in any analysis of the future available resources for the evolving Danish biogas sector.
Future research
Due to the limitations of the proposed model, i.e. the model variation concerning farms with more than 350 animal units, future research should focus on how to capture these extremes. One way of doing this might be to consider the neighbouring effects between cells. The parameter estimation of the MCM approach suggested here could be extended to include, not only the value of individual cells at preceding times, but also the values of neighboring or nearby cells (considering given distance-decay functions). As suggested by Hansen (2008) , such parameters could be applied to the modeling/simulation of future situations by means of Cellular Automata models (CA) where the value of a cell at time t, whether it be addressed discretely or stochastically, is based on the value of the cell, and the cells around it, at time t-1. By adopting such an approach, one would be able to use the model from this study and include decision variables in order to enhance the precision of the transition probabilities regarding mega-farms.
